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Abstract: Satellite-based temperature measurements are an important indicator for global 
climate change studies over large areas. Records from Moderate Resolution Imaging 
Spectroradiometer (MODIS), Advanced Very High Resolution Radiometer (AVHRR) and 
(Advanced) Along Track Scanning Radiometer ((A)ATSR) are providing long-term time 
series information. Assessing the quality of remote sensing-based temperature measurements 
provides feedback to the climate modeling community and other users by identifying 
agreements and discrepancies when compared to temperature records from meteorological 
stations. This paper presents a comparison of state-of-the-art remote sensing-based land 
surface temperature data with air temperature measurements from meteorological stations 
on a pan-arctic scale (north of 60° latitude). Within this study, we compared land surface 
temperature products from (A)ATSR, MODIS and AVHRR with an in situ air temperature 
(Tair) database provided by the National Climate Data Center (NCDC). Despite analyzing 
the whole acquisition time period of each land surface temperature product, we focused on 
the inter-annual variability comparing land surface temperature (LST) and air temperature 
for the overlapping time period of the remote sensing data (2000–2005). In addition, land 
cover information was included in the evaluation approach by using GLC2000. MODIS 
has been identified as having the highest agreement in comparison to air temperature 
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records. The time series of (A)ATSR is highly variable, whereas inconsistencies in land 
surface temperature data from AVHRR have been found. 
Keywords: land surface temperature; air temperature; pan-arctic; MODIS; AVHRR; 
AATSR; GLC2000 
 
1. Introduction 
Land surface temperature (LST) is a supporting information source for the generation of the 
Essential Climate Variable defined by the Global Climate Observing System (GCOS), to support the 
United Nations Framework Convention on Climate Change (UNFCCC), the World Climate Research 
Programme (WCRP) and the Intergovernmental Panel on Climate Change (IPCC) [1]. Global climate 
change, caused by increasing greenhouse gas (GHG) emissions, results significant changes to global 
ecosystems [2,3].  
The arctic environment is highly vulnerable to modifications in the global climate system and 
currently subject to dramatic changes [4–6]. Predictions are indicating a significant increase of 
temperature conditions in the arctic regions for the upcoming century [7], which leads to changes in 
permafrost temperature regimes, snow cover, sea ice, vegetation activities and phenological  
dynamics [8–11]. Increasing greenhouse gas emissions from thawing permafrost soils will accelerate 
rising temperature for the upcoming decades, due to positive feedback mechanisms in the global 
climate system [4,12]. These circumstances are showing the high importance of a consistent and 
operational monitoring of climate conditions, such as temperature, within the arctic regions. Thus, the 
problem is the availability of records from meteorological stations, as well as their spatial coverage in 
these territories. The integration of those ground measurements in climate research, such as modeling 
and trend analysis, will evoke different problems. The analysis will suffer from the spatial coverage 
and will not capture the heterogeneity of the arctic climate system. Hence, remote sensing provides a 
useful tool to retrieve different land surface characteristics over large areas, such as LST [13]. 
The Data User Element Permafrost (DUE Permafrost), funded by the European Space Agency 
(ESA), highlighted the needs for a permafrost monitoring system. The aim of this project was to 
facilitate the cooperation between remote sensing experts and the permafrost science community. To 
create an observation strategy, various permafrost relevant parameters, such as LST, land cover, 
subsidence, thermokarst lake changes, soil moisture, etc., which are measurable by satellite systems, 
were defined. Land surface temperature is one important variable, used as an indicator of the thermal 
state of the subsurface phenomenon permafrost, which cannot be directly measured with satellite 
platforms [14]. Hence, there is an increasing demand for integrating LST estimates in arctic research, 
such as permafrost modeling systems [15]. 
This paper presents the comparison of state-of-the-art remote sensing-based LST data with air 
temperature measurements (Tair) for the pan-arctic regions north of 60 degrees latitude. Within this 
study, we compared LST products from Advanced Very High Resolution Radiometer (AVHRR), 
Moderate Resolution Imaging Spectroradiometer (MODIS) and (Advanced) Along Track Scanning 
Radiometer ((A)ATSR) with an in situ Tair database provided by the National Climate Data Center 
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(NCDC). In the context of this paper, the term LST is used for the remote sensing-based temperature 
information, while Tair refers to the measurement of the meteorological station. The aim is to analyze 
the agreement between LST and Tair for (1) the complete available period of each product, (2) for the 
overlapping time period from 2000 to 2005, (3) based on different land cover classes form GLC2000, 
as well as (4) the spatial distribution of the agreement on the pan-arctic scale. 
This paper presents a comparison of LST with Tair records, rather than validation approach. A 
validation approach of LST requires in situ data, which are based on emissivity measurements of the 
earth surface using an thermal infrared radiometer (TIR) or comparable systems [13]. Particularly, this 
paper presents a comparison of two parameters, which have a different physical meaning. 
Land surface temperature refers to the radiation properties of the earth surface and determines the 
intensity of the radiation of long waves emitted by it, which can be detected by aircrafts or  
satellite-based remote sensing platforms. There are different terms describing the same variable, such 
as land surface temperature or surface skin temperature. The air temperature or surface air temperature 
is measured at 1.5–2 m height, where the measurements are done by the contact of the sensor and the 
surrounding air. Land surface temperature and Tair are correlated to a certain degree, with some 
drawbacks depending on factors, such as land cover type [16,17].  
The comparison is done by using statistical parameters such as the Pearson correlation coefficient 
(R), the slope (S) and the intercept (INT) with the y-axis of the regression line and the mean difference 
(MD), also known as bias. The first three parameters were derived by comparing the pixel of the LST 
data with the corresponding Tair measurements from the meteorological station. Each meteorological 
station is situated within a pixel of the different remote sensing products. The statistics are based on 
the scatter cloud derived from the analyzed comparison pairs and time step. The MD is calculated by 
the difference between Tair and LST divided by the amount of observed time steps. If the MD is 
negative, the LST detects warmer temperatures than the measured Tair, and vice versa [13].  
2. Data  
2.1. Remote Sensing Data 
2.1.1. AVHRR Polar Pathfinder Land Surface Temperature 
The AVHRR Polar Pathfinder product covers the polar regions of the northern and southern 
hemisphere with a spatial coverage north of 48° and south of 53° in latitude and have been used for 
several studies [18–22]. The product includes five AVHRR channels, covering one visible, one 
infrared and three thermal infrared bands, as well as surface albedo, skin surface temperature, solar 
zenith angle, satellite elevation angle, azimuth angle, surface type and a cloud mask. The product 
covers the time period from July 1981 to June 2005 and is based on data from NOAA-7, 9, 11, 14 and 
16. It is a twice-daily dataset acquiring the imagery at 4 a.m. and 2 p.m. in the northern hemisphere. 
For this study, only daytime LST estimates have been used. The data is available in EASE-Grid 
projection (Equal Area Scalable Earth-Grid) with spatial resolution of 5 km [23]. The LST is extracted 
by two algorithms, which utilize the brightness temperature of spectral channels 4 (10.3–11.3 µm) and 
5 (11.5–12.5 µm) [24]. 
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The data quality of the AVHRR Polar Pathfinder product is influenced by an orbital drift of each 
NOAA satellite during their lifetime, which causes a shift of the equator crossing time to the afternoon. 
This orbital drift evokes a cooling effect to the LST estimates. The effect was found to be stronger on 
the southern hemisphere and non-vegetated regions [25,26]. Since this study focuses on the cold 
regions of the northern hemisphere, the effect of the orbital drift is negligible and not part of its scope.  
2.1.2. MODIS Land Surface Temperature (MOD11C1, MYD11C1)  
The LST products from MODIS Terra and Aqua are widely used for remotely sensed temperature 
research such as [17,27–35]. The product covers a range of different datasets ranging from 1 km to 
0.05° (approx. 5.6 km at equator; CMG—Climate Modeling Grid) spatial resolution, as well as daily, 
eight-day and monthly temporal resolution. Both satellite platforms have sun-synchronous orbits. 
MODIS Terra acquires the data at 10:30 a.m./p.m. (daytime/nighttime), whereas MODIS Aqua collects 
the imagery at 1:30 p.m./a.m. (daytime/nighttime) [36]. For this study, daily MODIS LST products 
MOD11C1 and MYD11C1 (Version 5) with a resolution of 0.05° were used. 
The MODIS LST products (MOD11C1, MYD11C1) were derived from MOD11B1, which has a 
daily resolution with 6 km pixel size in sinusoidal projection. This product is developed from 
algorithms defined in [37], whereby the temperature and emissivity extraction from 7 of 16 emissivity 
bands from MODIS that cover the thermal infrared spectrum (TIR) are described. In detail, the bands 
20 (3.66–3.84 µm), 22 (3.93–3.98 µm), 23 (4.02–4.08 µm), 29 (8.40–8.70 µm), 31 (10.78–11.28 µm), 
32 (11.77–12.27 µm) and 33 (13.18–13.48 µm) were used for the approach. Compared to the other 
channels from MODIS, these channels, also known as window bands, remain virtually unaffected by 
changes in temperature and amount of water vapor within elevations above 9 km [37].  
The retrieval of LST from MODIS is based on various input parameters, which were also available 
as individual products. In general, only swaths, which have a valid Level 1B radiance in channels 31 
(10.78–11.28 µm) and 32 (11.77–12.27 µm), are over land (including water bodies) and are acquired 
under clear sky conditions, in addition to being used to derive LST information. The extraction is done 
by a classification-based algorithm developed by [38], in which emissivity estimates from band 31 and 
band 32 are used. Additional input parameters, such as cloud mask (MOD35_L2), atmospheric profiles 
(MOD07_L2), geo-location (MOD03), land cover (MOD12Q1) and snow cover (MOD10_L2), are 
integrated into the algorithm.  
2.1.3. Land Surface Temperature from AATSR  
The LST product by the European Space Agency (ESA), which was provided for this study, was 
derived using ATSR-1 on ERS-1, ATSR-2 on ERS-2 and AATSR on ENVISAT earth observation 
data. All satellites have sun-synchronous orbits, where ERS-1 and ERS-2 acquire data at 10:30 a.m. 
and ENVISAT at 10 a.m. [39,40]. The LST product is produced using a nadir-split window approach 
calculating brightness temperature from 11 µm and 12 µm described in [41]. Coefficients depending 
on the atmospheric water vapor, the viewing angle and the land-surface emissivity are considered in 
the algorithm [41–43]. The ESA is planning to develop a GlobTemperature program based on the data 
from ERS-1 and 2, ENVISAT and upcoming missions during the next year. A first user workshop, to 
address the user’s needs for a global LST dataset, was held in Edinburgh in mid-2012 [44]. 
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This global product covers the time period from August 1991 to December 2009 with a spatial 
resolution of 9.28 km in sinusoidal projection. The product has monthly resolution, where each month 
is covered by approximately 430 orbits at a resolution of 1 km. The final product resolution of 9.28 km 
is based on a composite and consists of pixels marked as land and cloud-free. The discrimination 
between day and nighttime data was done using sun elevation information [40,45]. 
Some issues about the data quality due to anomalies of the sensors during their data acquisitions 
times were identified. In May 1992, the 3.7 µm channel from ATSR-1 was lost. There were no data 
between January and June 1996 due to problems with the downlink and the tape capacity followed by a 
reduced swath within the visible channels since June 2001. AATSR onboard of ENVISAT suffered 
from a spectral drift in the 0.55-µm channel from December 2005 to December 2006, which was 
corrected a priori by a model defined by [46]. Since all three sensors are using identical thermal 
infrared channels, which are used deriving LST information, it has to be mentioned that all of the 
sensors are onboard of three different platforms with individual orbits and acquisition times. This is an 
important point to highlight in a product combined from similar but unique sources [45]. 
2.2. Global Surface Summary of Day Data—Version 7 
The comparison of the daily and monthly remote sensing-based LST estimates with ground 
measurements were done using the Global Surface Summary of Day Data (GSOD), an in situ database 
from NOAA (National Oceanic and Atmospheric Administration) National Climate Data Center 
(NCDC). The product provides daily information about 18 meteorological parameters, such as Tair 
(min, mean and max), wind speed, wind gust, and amount of precipitation, from over 8,000 stations 
worldwide. This GSOD dataset is based on the Integrated Surface Database (ISD), an initiative 
developed in 1998 by a cooperation of NCDC, US Air Force and US Navy. The aim of this program is 
to provide hourly consistent climate measurements back to the 19th century to address the needs of 
global climate studies [47–49].  
The database of the Global Summary of Day Data is updated on a daily frequency. In general, the 
majority of the temporal availability of the meteorological stations goes back to the 1970s, for some 
cases even back to the 1930s and earlier. There are known issues about the data availability for some 
regions, which could be interrupted for some time periods due to data restrictions or communication 
problems. However, all available daily data records are based on a minimum of four observations per 
day. The data quality is automatically controlled and corrected, which prevents larger data gaps within 
the database [49].  
3. Methodology 
The comparison of remote sensing-based LST estimates and Tair records from the meteorological 
station is performed with six processing steps: 
(1) Extraction of meteorological stations on pan-arctic scale (above 60 degrees north). 
(2) Identification of geographic location of meteorological stations and extraction of data from 
pixels in remote sensing-based LST products. 
(3) Comparison of LST and Tair time series for the whole temporal coverage of each product. 
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(4) Reduction of both databases to the overlapping time period of the remote sensing products 
(2000–2005). 
(5) Inter-annual comparison of LST and Tair data based on the overlapping time period. 
(6) Link of the results to land cover classes extracted for each meteorological stations based on 
GLC2000 (Global Land Cover 2000). 
I. The extractions of the meteorological stations, which are situated north of 60 degrees, are done by 
metadata file, which was provided by the NCDC. This file includes additional information for each 
station, such as station ID, starting time of acquisition, geographic coordinates, country and measured 
parameters. This extraction results in over 600 stations suitable for this analysis. After an automated 
consistency check, identifying missing daily data, the data gaps where filled to create a consistent 
database. Meteorological stations, which have shown a significant number of missing data, were not 
used for this study.  
II. To develop a comprehensive validation database, the geographic coordinates of each of the 
selected meteorological stations was extracted from the metadata and applied to the remote sensing time 
series product. Afterwards it was possible to convert the pixel stack from the LST products, which are 
including each time step, into a single vector. For each meteorological station, a matrix was developed, 
which included the time, the LST that was based on the remote sensing data, and the Tair values.  
III. In a first step, the remote sensing-based LST was compared to Tair measurements for the 
complete time series of each product (Section 4.1). Only daytime temperature information was used in 
this study. This analysis should give an impression about the agreement between both parameters.  
IV. To derive a detailed insight in the comparison and to assure the comparability of this study, the 
overlapping period of the remote sensing products (2000–2005) was analyzed (Section 4.2).  
V. For this time period, the inter-annual variability between LST and Tair were analyzed, using 
different statistical parameters, such as the Pearson correlation coefficient (R), the slope (S) and the 
intercept of the regression line (I), as well as the mean difference (MD).  
VI. Prior to the inter-annual variability by comparing LST and Tair time series information, the 
results were linked to land cover units (Sections 4.3 and 4.4). The goal was to provide information 
about land cover classes, which are showing the highest variability and discrepancies between remote 
sensing and ground temperature measurements. The aim was to use the most recent global land cover 
product GlobCover 2009, developed by ESA [50]. Unfortunately, this classification is not suitable for 
this analysis, since the land cover class “needle-leaved deciduous forest” (80) does not appear in the 
final product. The reason for that is that this class needs a seasonal observation from a remote sensing 
satellite, which was not sufficient for this classification [50]. Thus, the Global Land Cover 
Classification 2000 (GLC2000), produced by the Joint Research Centre (JRC), was used for this study. 
This classification is based on satellite data from VEGETATION on SPOT-4 and uses the standardized 
Land Cover Classification System (LCCS) developed by FAO (Food and Agriculture Organization) as 
land cover legend [51]. A brief overview of the methodology is shown in Figure 1.  
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Figure 1. Flowchart of the described methodology. 
 
4. Results and Discussion 
4.1. Correlation of Remote Sensing-Based LST Estimates with Tair Measurements 
The following chapter presents the results from the comparison of LST from (A)ATSR (monthly 
mean values), AVHRR and MODIS (both daily mean values) with daily mean in situ measurements 
from meteorological stations. Each plot shows the correlation of the comparison based on the time 
series of each product with Tair data (Figure 2). The density cloud plot is divided into temperatures 
above and below 0 degree Celsius (°C), while showing the corresponding regression line as well as the 
Pearson’s correlation coefficient (R).  
The LST product from (A)ATSR covers the time period of 1991 to 2009 with a monthly temporal 
resolution. When compared to Tair measurements, a correlation of R = 0.89 is achieved. The remote 
sensing data detects colder temperatures than those measured on the ground within a range of 0 to 15 °C. 
Above 15 °C, the opposite becomes visible. The agreement between LST and Tair for temperatures 
above 0 °C are described by a correlation coefficient R = 0.75. Observing the negative temperature 
range, LST is showing colder temperatures until approximately −30 °C. Below this value, LST appears 
to be warmer. The negative temperature range results in a correlation coefficient of R = 0.81. Thus, 
higher correlations are found for temperatures below the freezing point. 
The LST estimates from the AVHRR Polar Pathfinder dataset results in an overall correlation of 
R = 0.9, which is comparable to the correlation coefficient of (A)ATSR. However, AVHRR has a 
larger temporal coverage (1981–2005) and has a daily temporal resolution. Similar to (A)ATSR, LST 
from AVHRR results in colder temperatures compared to the corresponding Tair measurements within 
a temperature range from 0 and 5 °C and the opposite above this range, causing a correlation 
coefficient of R = 0.74. For temperature values below 0 °C, (A)ATSR and AVHRR are showing 
similarities. Until a value of −30 °C, LST is slightly colder than Tair. Afterwards, LST values are 
warmer than the corresponding Tair values. The correlation coefficient is R = 0.82. 
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Figure 2. Comparison of (A)ATSR, AVHRR, MODIS Terra and MODIS Aqua LST estimates 
and Tair records from meteorological stations. Each plot shows the complete time period of 
each product (AATSR = 1991–2009, AVHRR = 1982–2005, MODIS Terra = 2000–2012, 
MODIS Aqua = 2002–2012). 
 
The overall correlation coefficient of MODIS Terra and Aqua is higher than for (A)ATSR and 
AVHRR (R = 0.95). However, MODIS Terra and Aqua are covering a shorter time period. The 
correlation of temperature above 0 °C shows a slight overestimation with a very close fit of the 
regression line to the 1:1 line. The correlation coefficient is higher (R = 0.80) than for (A)ATSR and 
AVHRR. The correlation of negative temperature is very high with R = 0.92, which also results in a 
very close fit of the regression line and the 1:1 line. 
In summary, MODIS Terra and Aqua LST estimates display a higher correlation when compared to 
Tair records, followed by (A)ATSR and AVHRR. The concentration of the point density within the 
scatter cloud is close to the 1:1 line, which is also the case for AVHRR. Values around 0 °C and 
slightly warmer seems to show the highest concentration of compared data pairs, except for (A)ATSR. 
AVHRR and (A)ATSR show outliers at 0 °C of the x-axis ranging down to −60 °C of the y-axis. 
These artifacts may be caused by the cloud and ice detection algorithm of the products. Since 
temperature conditions in the lower atmosphere (top of clouds) are much lower [52] than the 
temperature of snow or ice covered surfaces, confusion between cloud and ice detection during the 
winter season could cause this problem. 
In general, LST appears to result in warmer values compared to Tair within the positive temperature 
range for all remote sensing products. This problem exists due to the fact that LST and Tair are based 
on different physical processes [16], as described in the introduction. Land surface temperature is 
warmer in positive temperature ranges than Tair, which is measured at a height of 2 m, as standardized 
for meteorological stations. Increased solar irradiance (e.g., during the summer month), causes higher 
land surface temperatures, thereby leading to this overestimation [53].  
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4.2. Inter-Annual Variability of LST Estimates for the Time Period between 2000 and 2005 
This chapter highlights the inter-annual variability of different statistical parameters extracted by 
the comparison of LST and Tair. Due to the large amount of data, each time step represents the median 
of all measurements. Figure 3 gives an overview of the variation between the time periods of 2000 to 
2005, which is the overlapping time period of the used remote sensing products and enables a 
refined comparability. 
Figure 3. Inter-annual variability of the correlation coefficient (R), slope, intercept (INT) 
and mean difference (MD) for the time period of 2000 to 2005. 
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The correlation coefficient (R) describes the variance of the point cloud around the regression line, 
showing the dependencies between LST and Tair. The variability of R during the time period of 2000 
to 2005 is quite similar for all products, with the majority ranging between 0.6 and 0.9 during the 
yearly cycle. Higher correlations can be found in the winter season and lower during the summer 
month. An explanation could be the higher turbulences between land surface and atmosphere in the 
summer month in comparison to the winter month with lower incoming solar radiation [34]. AATSR is 
showing the highest inter-annual dynamics compared to the other products. Since 2003, AATSR is not 
capturing the yearly dynamics of the other products. Land surface temperatures from MODIS are 
showing similar inter-annual variations when compared to Tair measurements. The dynamics of 
AVHRR are comparable to the variability identified for MODIS. However, AVHRR is resulting in 
larger amplitudes of the dynamics.  
In general, MODIS results in consistent inter-annual dynamics in contrast to more variations 
identified in AATSR and data inconsistencies for some months in the AVHRR product. A drop of the 
correlation coefficient is found at the end of 2004 for the AVHRR data. This might be due to the data 
quality, consistence of acquired data and algorithm processing chain. Known issues include problems 
with the scan motor on NOAA-16, which causes sporadic, irregular shifts within the derived spectral 
information [23], as well as the orbital drift of the NOAA satellites, which in turn causes a delay in 
overflying time [25,26]. Another reason could be that the data from AATSR has a monthly temporal 
resolution. The number and the time of observations may vary from month to month during this 
time period. 
The statistical parameters Slope (S) and Intercept (Int) describe the dynamics of the point clouds. A 
slope of 1 exists when the regression line is parallel to the line of best fit (x equals y). If the intercept 
equals 0, the regression line and the line of best fit are congruent. In combination with the correlation 
coefficient, which describes the variance around the regression line, these three statistical parameters 
allow for a detailed interpretation comparing LST and Tair. AVHRR and AATSR display large 
variability observing the slope. During the wintertime, the products have resulting slopes of −0.5, 
which is an indicator of lower dynamics during this time of the year. In the summer months, higher 
dynamics can be found by slopes with the value of 1.5. MODIS LST is very close to slopes of 1, which 
indicates low dynamics during the year. This is applicable during the summer season, while the winter 
season is showing fairly lower slopes of 0.8.  
The statistical parameter Intercept (Int) is congruent for the AVHRR and MODIS data for the years 
2000–2002. AATSR shows the same dynamics, but is fairly lower. For the year 2003 and beyond, 
AATSR and AVHRR have the same variability, while MODIS continues the dynamic patterns of the 
previous years. The decrease of the slope and intercept statistic values for the AVHRR at the end of 
2004 data also becomes visible.  
The relation of the correlation coefficient, the slope as well as the intercept indicates that LST was 
lower than the equivalent Tair during the wintertime for all LST products. This assumption is based on 
slopes, which are below 0 while showing a negative intercept with the y-axis. The summer season is 
characterized by slopes above a value of 1 in combination with positive intercepts, which indicates an 
overestimation of the positive temperature range and an underestimation of negative temperatures.  
The correlation coefficient during the summer is lower in comparison to the winter month, 
indicating higher variances in differences between LST and Tair. In general, the diurnal temperature 
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magnitude is lower in winter as in the summer season. This causes larger variations between day and 
night temperatures [34,54]. It needs to be mentioned that the diurnal cycle is also influenced by 
different moisture conditions of the earth surface [31], as well as water vapor within the lower 
atmosphere [34]. Nevertheless, the findings illustrate lower dynamics between LST and Tair for 
negative temperatures. The positive temperature range, influenced by larger diurnal temperature 
differences, results in higher divergences between LST and Tair measurements.  
The mean difference (MD) is an indicator describing whether remote sensing-based LST data 
detects warmer or colder temperature in comparison to Tair. If the MD is negative, the LST detects 
warmer temperatures than the measured Tair, and vice versa [13]. All products show a similar inter-annual 
variability. The MODIS product is close to 0 for the whole time period. AVHRR is showing similar 
bias values in comparison to MODIS. In detail, higher differences between MODIS and AVHRR are 
found in the summer than during the winter season, which have been recently identified by [55]. 
AATSR detects solely colder temperatures for the first three years, which is followed by an adaption to 
the seasonal cycle of the other products, but still higher variations.  
In general, the summer months are showing a slightly negative bias, which indicates that the land 
LST estimation results in warmer temperature than the measured Tair. For the winter season, the 
opposite is found. The positive mean difference values are caused by colder LST estimates than 
measured by the meteorological station at 2 m height. The lowest bias can be found for spring and 
autumn, which was also found for the other statistical parameters.  
The observed variability and derivations between LST and Tair could be caused by the different 
pixel sizes of the products. MODIS and AVHRR have a spatial resolution of approx. 5 km, whereas 
AATSR has a resolution of about 9 km. This is changing the influence of the heterogeneity of the land 
surface in the LST pixel. Moreover, the LST values from AATSR are based on monthly mean. Hence, 
a comparison to daily values from MODIS and AVHRR is a challenging issue.  
The findings are indicating low agreements between LST and Tair during peak temperatures events 
for both positive and negative ranges, which are found in summer and winter. Besides this, spring and 
autumn, which are characterized by moderate temperatures and diurnal differences, are showing a 
higher agreement and a lower bias between LST and Tair.  
In summary, MODIS seems to shows the best fit between LST and Tair. Data from AATSR is 
affected by high inter-annual variability, which reduces the consistency of the dataset. Comparing LST 
from AVHRR with Tair, inconsistencies are also found in the time series, such as the drop of in the 
end of 2004.  
4.3. Comparison of Land Surface Temperature and Air Temperature for Selected Land Cover Classes 
The statistical parameters comparing LST with Tair estimates are linked to land cover classes for 
each station. As it was done in Section 4.2, only the median is displayed in Figure 4. The land cover 
information was derived using GLC2000 global land cover classification [51]. Only classes, including 
more than 20 stations, are shown below (Figure 4). The standard deviation of each data point is shown 
in Table 1.  
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Figure 4. Comparing LST and Tair for the time period of 2000 to 2005 for selected land 
cover classes. 
 
Table 1. Standard deviation of the statistical parameters correlation coefficient and mean 
difference for selected land cover classes. 
Land Cover 
AATSR AVHRR MOD Terra MOD Aqua ø AATSR AVHRR MOD Terra MOD Aqua ø 
R Mean Difference 
tree, needle, ever 0.38 0.29 0.29 0.33 0.32 2.66 2.70 1.49 1.78 2.16 
tree, needle, deci 0.49 0.48 0.50 0.50 0.49 1.51 1.46 1.17 1.51 1.41 
tree, mixed 0.39 0.37 0.36 0.38 0.38 1.76 2.86 0.98 1.19 1.70 
mos: tree/other veg 0.46 0.42 0.43 0.45 0.44 1.44 1.59 0.82 1.21 1.26 
shrub, deciduous 0.42 0.30 0.24 0.35 0.33 3.04 3.96 1.59 1.75 2.59 
herbaceous 0.45 0.41 0.40 0.42 0.42 3.03 3.96 1.52 1.72 2.56 
sparse herb or shrub 0.33 0.24 0.27 0.29 0.28 2.05 3.13 1.47 1.75 2.10 
flood shrub/herb 0.42 0.38 0.41 0.44 0.41 2.13 1.87 1.22 1.13 1.59 
water bodies 0.42 0.35 0.38 0.40 0.39 2.92 3.20 1.56 1.65 2.33 
The correlation coefficient R was above 0.7 for all selected classes and products, which is an 
indicator for a good agreement between LST and Tair. However, MODIS showed the highest 
correlation for all classes (>0.9) while AVHRR results in lower coefficients for all classes. The range 
between the correlation coefficient of the products is low for classes, which are dominated by forest 
classes. Land cover units characterized by lower vegetation and sparse vegetation were showing a 
higher range of R-values. From the perspective of land cover classification, forest classes were defined 
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as stable, whereas shrub land and herbaceous vegetation classes, characterized by a mixture of plant 
species, were known to be heterogeneous landscape units [56]. Additionally, the heterogeneity is also 
an effect of the large pixel size of the remote sensing-based LST products, affecting the estimation of 
the LST for specific land cover types [57]. 
The majority of the land cover classes resulted in slopes above 1, except for water bodies, as well as 
needle-leaved deciduous trees, one of the dominant vegetation types in Siberia. Both land cover types 
resulted in slope values close to 1, indicating a nearly identical dynamic between the observed and the 
measured variables. Slopes above 1 resulted if LST was showing higher dynamics than Tair. In 
combination with the intercept, it is possible to derive information about whether LST is warmer or 
colder than the corresponding Tair measurements.  
Land cover types such as needle-leaved evergreen forest, mixed forest, mosaic forest with other 
natural vegetation, shrubs, herbaceous and sparse vegetation, as well as flooded areas and water 
bodies, resulted in slopes above 1 and negative intercepts. This indicated that LST is warmer than Tair 
in positive and negative temperature range. In detail, the remote sensing sensors detect warmer 
temperature in positive temperature range and colder temperatures in negative range. For all these 
classes, AATSR and AVHRR had a stronger influence over this circumstance. Good agreement of 
LST and Tair was found for the needle-leaved deciduous forest, mosaic forest and other vegetation, 
sparse vegetation and flooded areas.  
The statistical parameter mean difference is zero or positive for non-forest classes. These land cover 
types also showed the highest range between the products, where AATSR showed the highest values 
for this statistical parameter. The positive mean difference values thus indicate that LST estimates 
colder temperatures than those measured in the field. In comparison, the forest classes showed a 
negative bias, thereby indicating that warmer temperatures have been detected by the remote sensing 
data. In general, MODIS results in low mean difference values, which suggests the measured LST 
estimates to be close to the Tair (see Section 4.2). The needle-leaved deciduous forest land cover class, 
which is one of the major vegetation types, showed high agreement between LST and Tair by a low 
bias for all products. 
The standard deviations of the correlation coefficient as well for the mean difference for each 
product and land cover type are shown in Table 1. AATSR results had the highest standard deviation 
values for the correlation coefficient. For the mean difference, AVHRR had the highest standard 
deviation, while MODIS Terra showed the lowest. The ranges of the standard derivations for the slope, 
which are not shown in the table, were similar for all products and land cover classes (0.44–0.62). In 
contrast, the correlation coefficient, intercept (not shown in Table 1) and mean difference were 
characterized by larger derivation of the standard deviation between the products for the selected land 
cover classes. The forest classes showed the lowest differences for the standard deviations, particularly 
for the mean difference. Moreover, sparse vegetated classes, as well as herbaceous and shrub lands, 
had larger discrepancies in standard deviation values. As discussed in Section 4.3, the heterogeneity of 
the land surface has a major impact on the derived agreement between LST and Tair. Thus, comparing 
LST and Tair for different land cover units, heterogeneous land cover units seem to be rather variable 
and differ from more stable classes, such as tree cover classes. Additionally, the coarse pixel size of 
the LST products enhances the effect of heterogeneity [55].  
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In general, MODIS LST estimates resulted in the lowest standard deviations when compared to 
AATSR and AVHRR. As it was identified in Sections 4.1 and 4.2, the LST estimates from MODIS 
showed the agreement with Tair measurements and also had the lowest magnitude variability within 
the observed time series. Thus, the MODIS products are defined as consistent and having the highest 
confidence compared to the other products. 
4.4. Pan-Arctic Perspective of the Mean Difference for the Time Period of 2000–2005 
Figure 5 presents the mean difference for all meteorological stations, covering the pan-arctic circle. 
The values of the legends are ranging from −2 °C to 2 °C (Note: higher positive and negative values 
might occur). The colors are ranging from orange (warmer) to blue (colder). The size of the circles 
provides information about the height of the mean difference. Larger circles indicate higher mean 
differences in both directions, positive and negative. In general, maritime-dominated regions, such as 
coastal areas, indicate that the remote sensing-based LST detects colder temperature conditions than 
those acquired by the meteorological stations. Furthermore, stations within a continental climate 
regime show that LST is warmer than Tair. This is the case for all products. Moreover, the magnitude 
of positive and negative peaks is higher in continental regions, which indicates higher variations within 
the LST retrieval. The stability of temperature conditions in maritime regions around the arctic 
coastline in comparison to continental areas have been highlighted by [58].  
Comparing the products, AATSR and AVHRR showed larger values in both directions than 
MODIS, indicating a higher bias especially in Europe and the western part of Russia. AATSR detects 
colder temperatures over large areas when compared to in situ measurements. AVHRR and MODIS 
Terra are also showing this phenomenon in these areas. However, the biases are quite low. MODIS 
Aqua does not reflect these findings for Europe and the western part of Russia. The mean difference 
values were negative, which indicates that LST is warmer than Tair. These findings are reasonable, 
since the acquisition time of MODIS Aqua is in the afternoon, which causes warmer temperatures 
during the day. Thus, the solar irradiance has changed during both acquisition times, causing an 
increase in LST. It is expected that AVHRR also shows the same bias than MODIS Aqua, since 
AVHRR also acquires the satellite data during the afternoon. One reason for these dissimilarities could 
be the orbital drift of the NOAA satellite, which causes a delay in overflying time. Since the data is 
acquired later during the day, the temperature conditions could already decline towards the late 
afternoon. Hence, the temperature conditions could be similar to those during the morning time 
(MODIS Terra, AATSR). In the far eastern parts of Russia, all products showed a similar bias. 
However, some differences in the height of mean difference values can be found when AVHRR is 
compared with the other products. The territories of North America are showing the same patterns 
between AATSR and AVHRR. Moreover, a different distribution of the mean difference values was 
found for both MODIS products. In contrast to AATSR and AVHRR, the LST estimates were detected 
to be warmer than Tair (negative MD). This is already the case for the morning data (MODIS Terra) 
and increases during the afternoon, which can be found for the MODIS Aqua data. 
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Figure 5. Pan-Arctic mean difference distribution. 
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5. Conclusion and Outlook 
Land surface temperature information (LST) from AVHRR (Advanced Very High Resolution 
Radiometer), MODIS (Moderate Resolution Imaging Spectroradiometer) and (A)ATSR ((Advanced) 
Along Track Scanning Radiometer) were compared to in situ air temperature measurements (Tair) 
from the National Climate Data Center (NCDC). The quality characteristics are addressed to the 
climate modeling community, as well as other climate-related research groups. 
MODIS LST has shown the highest agreement in comparison to Tair. (A)ATSR and AVHRR tend 
to detect warmer and colder temperatures for the positive and negative temperature ranges. MODIS is 
showing minor overestimations in the positive temperature range. (A)ATSR and AVHRR indicate 
outliers around the freezing point. These artifacts are referred to errors in the processing chain, when 
differentiating between clouds and snow, as well as ice-covered regions. 
High agreements between LST and Tair can be found for the winter season with a decline towards 
the summer months [55]. AATSR has the highest inter-annual variability. Some issues can be found 
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for AVHRR, induced by a decrease of the agreement at the end of 2004. The bias of MODIS LST is 
close to zero for the entire time, whereas larger variability is found for AATSR and AVHRR. 
High correlations are found for all land cover classes. The ranges of the correlation coefficient 
between the products are low for tree cover classes. Heterogeneous land surfaces, such as herbaceous 
and shrub lands, result in higher discrepancies. MODIS LST results in the lowest bias, emphasizing the 
quality of the product. Differences between maritime and continental areas are found. The results have 
shown coastal regions to be characterized by positive mean difference values, indicating LST to be 
colder than Tair. Continental areas are characterized by an overestimation of the Tair. 
Coarse resolution LST information was compared to point measurements on the ground. The 
comparison between pixel and point values can bring uncertainties to the analysis caused by land 
cover, snow cover, topography, soil moisture and surface water, etc. [13]. The arctic regions are 
characterized by a high density of thermokarst lakes, non-vegetated surfaces (rocks), as well as snow 
and ice, which have a strong influence over the emission characteristics of the earth’s surface. 
Additionally, the diurnal cycle is a challenging issue which needs to be addressed in LST studies. 
Investigations are carried out by combining daytime and nighttime LST observations, which have 
shown the potential to reduce the discrepancies [15]. 
As daily and monthly mean temperatures are compared in this study, future investigations need to 
be carried out addressing the actual daytime of the observed LST and measured Tair. Daily LST 
information from (A)ATSR might become available within the upcoming GlobTemperature program 
by ESA (European Space Agency) [45]. The Integrated Surface Database (ISD), known as Integrated 
Surface Hourly (ISH), provides, besides the daily mean, information about the exact time of the day of 
the acquired Tair. Thus, a direct connection between the overpass time of the satellite and the acquired 
Tair can be achieved [59]. This would improve the analysis of comparing remote sensing-based LST 
and Tair measurements from meteorological stations. 
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